Abstract. This research focuses on the development of methodologies of tourism-related integration services. The authors define an adaptive Smart User Model and develop a methodology to build and manage this Smart User Model in the next generation of open environments in order to offer the user a variety of highly personalized services. In addition, the Smart User Model is able to capture any type of explicit or implicit information concerning the user from several domains in order to add to its knowledge of user preferences and interests.
Introduction
The important role of tourism in many regions of Europe has led to a growing number of tourism-related web sites through which users can directly access tourist information for themselves (Wöber, 2003) . Recently, the tourism industry has discovered the advantage of providing personalised, tailor-made information to users since it increases the quality of the information presented to them and at the same time, reduces the total amount of data they receive (Rumetshofer, 2003) .
Personalisation, however, involves elaborating user models that require information from the user (Brusilovsky, 2001) . Several machine learning techniques have been developed aimed at avoiding user disenchantment while still providing personalised information (Billsus and Pazzani, 1999; Burke, 2002; Montaner, 2003; McDonald and Ackerman, 2000) . Particularly, collaborative systems try to take advantage of user communities to enrich knowledge on individual users (Ricci, et al., 2003) and user behaviour-based systems try to explain decision-making process in open environments such as Internet, the Worl-Wide-Web, Web-Services and Peer-to-Peer services (Dholakia and Bagozzi, 2001 ).
Such techniques, however, are constrained to a single domain. In the near future, mobile phones, smart cards and wireless devices will be used by more flexible travellers who will require all sorts of tourism services, anytime, anywhere and with no previous history of their use (Umlauft, et al., 2003; O'Brien & Burmeister, 2003) .
To meet this challenge, new personalisation mechanisms need to be developed to achieve full, ubiquitous computing that supplies users with the relevant service in the right place at the right time, while avoiding, as much as possible, bothering the user with initialisation procedures.
In this line, the authors have carried out exploratory work based on creating an adaptive user model, which aims to capture user information in a generic way: a
Smart User Model (SUM).
The aim of the SUM is to make it feasible to transfer knowledge, i.e., user data, from one domain, in which the user has already been profiled, to another, with which the user has never before interacted.
For reasons of clarity, the authors focus on user models for recommender systems.
The current scenario in recommender systems involves the interaction of one user model with one recommender system (see for example (Delgado and Davidson, 2002) ). This means that there needs to be a number of user models, depending on the number of applications with which the user interacts (see Figure 1) . In this scenario, users must provide personal information whenever they need a service from the different recommender systems. In addition, the user models in each recommender system do not share a common structure or vocabulary. These limitations mean that the portability of the user model and the possibility of sharing it in different domains
are not yet feasible. The next generation of recommender systems will have a moderately portable user model, which will interact with services in several open, distributed and heterogeneous environments, using ontologies in order to communicate user preferences in several domains (see Figure 2 ).
For example, imagine that the user has interacted with a restaurant and a cinema recommender system in the past, but has never interacted with a marketing recommender system. On the one hand, the following user profile has been captured by the restaurant system:
• Objective information: Name: Juan Valdez; age: 37 years old; male, Spanish • Preferences (subjective information): he likes attractive places; he likes imaginative cuisine; efficient service is not very important to him. On the other hand, the marketing system needs the following information to provide personalised recommendations: age, sex, income, nationality, and preferences on novel, useful products and creative and dynamic marketing campaigns. Is it possible to take the information known about Juan Valdez from the restaurant and movie domain in order to provide some recommendations in the marketing domain? Our aim is to provide an affirmative answer to this question by means of Smart User Models which are obtained by the methodology proposed and explained in this paper This paper is organized as follow: first, related works in user modelling are presented.
Then, the different representational levels of the user information are introduced and a possible definition of the SUM is given. In section 4, a methodology is proposed in stages in order to describe the SUM through formal representations. In section 5, the proposed technique is illustrated with an example. Finally, some conclusions are put forward regarding Smart User Models in the next generation of distributed and open environments, as well as in existing applications.
Related Work
User modelling is a wide research area in personalisation. The complex-process to model the user has been studied in research areas such as Adaptive Hypermedia (Kobsa, et. al, 2001 ), Educational Hypermedia (Tsiriga and Virvou, 2002) , HumanComputer Interaction (Eisenstein and Rich; ), Kansei Engineering (Tomofumi, et. al, 2202 , Software Engineering (Wooldridge and Jennings, 1999) , Emotional
Intelligence (Pickard, 1997; Kopecek, 2001) and Artificial Intelligence (Delgado, et. al, 1999; Webb, et. al, 2001 ). In a previous work (González, et. al, 2003) we have implemented a holistic study of research on user models, in which we analyze the recent advances in all these disciplines. Case-base approach (Ha and Haddawy, 1998) has been used in preference elicitation and clustering implementing distance measures in movies recommender system. Collaborative Filtering (Herlocker and Konstan, 2001 ) is used in several kinds of task-focused recommender systems to provide content-independent suggestions based on both interests rating and item associations. Knowledge-based reasoning (Burke, 2000) implements a complementary approach to user modelling in recommender systems without requiring that the users make their ratings explicit. Interactive Learning Agents approach (Shearin and Lieberman, 2001 ) builds user profiles from continuous interaction with the user without need to store preferences in the user model and to use large data sets to learn particular interests and preferences of the user. More recently hybrid approaches has been implemented in recommender systems as multiattribute utility theory (MAUT) (Bauer et. al, 2002) and Case-based methods (Ha and Haddawy, 1999; Ha, 2001) to make recommendations to decision makers. Other approaches have been developed applying Decision Theory to build software-tools for decision maker's preferences (Bhargava, et. al, 1999; Wöber et. al, 2000) . The common current challenge to all of them arises in modelling the user in open, distributed, heterogeneous, large-scale and interconnected systems networks in where the interactions with the user can be dynamic in multiple domains. Our research is concerned in the development of user models with objective, subjective and emotional features of the user in those environments.
Representational Levels
In order to provide a formal definition of Smart User Models the authors distinguish three representational levels about the knowledge of the user: the Cognitive level, the Computational level and the Domain level (see Table 1 ).
The cognitive level relates the capability of perceiving, individual learning and developing through individual or social interaction with the environment. At this level the user perceives, stores, processes, and retrieves information. In terms of human personality, (Miller, 1991) The aim is then to achieve an artificial cognitive representation of the user. For doing it at the computational level there are the set of data structures, attributes, its relations, axioms, mathematical formulations and methods that allow representing the cognitive information of the user into readable and comprehensible meta-data for a software information system.
The domain level is the particular environment in the real world in which the user is modelled. It is marked by specific characteristics and organization according to design goals of the software applications.
Following notation is given to represent formally the mental features of a user at the different levels.
Cognitive Level
Let be a user defined by his/her features and behaviours F.
Let F be the space of features and behaviours of a user composed by three dimensions:
O is the finite set of objective attributes of user. These can be provided by the user or acquired from any database. Relate the name, age and socio-demographic information of the user. González, et. al, 2002) .
,..., ,..., , ,
Computational Level
Let be L the set of attributes, which represent the features, and behaviours of a user, F, at the computational level. O, S and E are then mapped at the computational level by the corresponding set of attributes:
Each attribute can take values in a given domain, using the following notation:
Domains of objective attributes are easily to define, since they correspond to the typical ones that can found in a database. That is, strings for the name, integers for the age, and so on. Regarding subjective attributes, the representation of preferences and interest of the user is not a trivial issue. There are some previous works, as (Osgood et. al, 1957; Roberts, 1979; Valls and Torra, 1999; Zeynep, 2003) that deal with methods to measure the meaning of an object. In this line, based on the semantic differential method and the interval scales, the authors have defined the domain of each subjective attribute in the interval [0,1] based on the following set of labels {Very not, not, a little bit not, normal, a little bit, very, very much}. Table 2 shows the different intervals assigned to each label in the [0,1] interval. For the sake of extension, we are not detailing in this paper on how the semantic differential method is and we suggest the reader to consult the papers before above mentioned.
Finally, domains of emotional attributes are defined in the [0,1] interval according to a psychological-base method explained in (González, et.al, 2004) . 
Smart User Model Management
From the SUM definition, the authors propose in this section a methodology to both, learn user features from user information stored in recommender systems and deliver the user features to other recommender systems. In this sense, they use the term "known domain" to specify domains in which the user has interacted with, and so the corresponding recommender system kept information about the user interests and preferences. Conversely, the authors call "unknown domain" the ones to which the user has never interacted with them. The methodology concerns objective and subjective features. Emotional features of the user are something more complex and require a different methodology. See (Nasoz, et al., 2003; González, 2003; El-Nasr, et al., 1999; Roseman, et al., 1990; Ortony, et al., 1988; Ekman, 1982) for preliminary approaches.
Then, our methodology is based on the following steps:
Acquisition-generalization method.
Such method allows the information shift from a known domain to the SUM.
Acquisition-specialization method.
For information transfer from the SUM to an unknown domain.
Update method.
The authors use this method to change the SUM according to the results obtained by the recommender systems.
In the following sections, all methods are provided according to the objective and subjective attributes of the SUM.
Acquisition-generalization method
In this section, the authors propose a method to shift user information from existing applications to other ones, thanks to the SUM.
Acquisition-generalization method for objective attributes
In order to acquire the SUM features from existing user information in a given 
=
Finally we want to stress that this generalisation procedure is not excepted from problems caused by synonymous, confusing and overlapping terms. We expect, however, that such problems will disappear in a near future with the use of tourism ontologies (see (Missikoff et. al, 2003) ).
Acquisition-generalization method for subjective attributes
To shift the information contained in the SUM to a particular domain, the authors propose the use of a directed weighted graph, 
Acquisition-specialization method
In this section, the authors introduce a methodology to obtain the information of the SUM and project it to unknown domains.
Acquisition-specialization method for objective attributes
In order to acquire objective attributes, the authors propose to develop a 
Acquisition-specialization method for subjective attributes
To shift preferences and interests of the user from the SUM to the domain level, a graph S ρ is required. (Valls and Torra, 2002) ).
Update method
In this section, the authors introduce a methodology for to update the information of the SUM accordingly to the user interaction with a given recommender system.
Update method for objective attributes
Objective attributes represent socio-demographic features that are measurable with a certain degree of certainty. So the only change expected from the system is due to new attributes values. In this case, the new values are then updated.
Update method for subjective attributes
The feedback of the system can be used to update the weight values of the graph involved in the recommendation process. Feedback is a value between [0, 1] and ϕ is a parameter of the system evolution dynamics. The authors have experience in the use of this update method in a recommender environment (Montaner, et. al, 2002) . This update process is quite important for subjective attributes due to the semantic transfer of preferences from a domain to another. That is to say, it could be the case that the value for "attractive" has different meaning in a restaurant than from a "movie" environment. Then, if the attractive value is acquired from the restaurant domain, and lead to unsuccessful results at the movie environment, the successive application of the update method would tune to the appropriate value for the attractive attribute at the movie application (see for example (Yu, et. al, 2003) for other studies on feature weighting).
Case Study
In this section, the authors illustrate with an example on city tourism the methodology proposed. The authors will assume that the user Juan Valdez has interacted with a restaurant and a movies recommender systems. The authors want to acquire a SUM and use it in another domain, namely the marketing domain. In this section, they present the cases study to illustrate how the formal definitions and methods can be used in order to develop a Smart User Model. For a better understanding of the example, the authors have distinguished three cases: Restaurants is one single known domain; movies is also a known domain and marketing is an unknown domain.
Objective Features
In this section, the authors will focus on the methods for objective features (see Figure   3 ).
Case a. Generalization from the restaurant domain
In the restaurant domain, the following socio-demographic features have been [ ] 
Subjective features
In this section, the authors apply the methodology for dealing with subjective features (see Figure 4) .
Case a. Generalization from the restaurants domain
In our example, suppose that the restaurants recommender system has the following interests' attributes to capture user interests: In the example, the authors have the following information of Juan Valdez at the restaurant and movie domains (see Table 3 
Conclusions
In this paper, a new approach towards defining a Smart User Model is presented, with the aim of obtaining personalized tourism services that take advantage of previous information known about the user. Then, a methodology is described, designed and developed by the authors, for obtaining the user features for the Smart User Model.
This methodology can be used to learn user features from user information stored in recommender systems as well as deliver the user features to other recommender systems. The methodology is illustrated with case studies that represent the objective and subjective characteristics of the user model. The methodology proposed allows the information about the user to be utilized in an unknown domain. An important advance in on-the-move tourism information is, when arriving at an unknown place, the user is able to receive relevant, personalized information from an unknown recommender system, thanks to his/her Smart User Model (SUM). Finally, it is important to note the possible correlation of this work with research on context-aware user models. Knowledge of the current situation of a user, combined with the knowledge provided by his/her Smart User Model may provide some remarkable results in the field of recommenders systems for tourism, in line of the work started by (Console, et al., 2002 
